Objective. Some patients suffering from severe neuromuscular diseases have difficulty controlling not only their bodies but also their eyes. Since these patients have difficulty gazing at specific visual stimuli or keeping their eyes open for a long time, they are unable to use the typical steady-state visual evoked potential (SSVEP)-based brain-computer interface (BCI) systems. In this study, we introduce a new paradigm for SSVEP-based BCI, which can be potentially suitable for disabled individuals with impaired oculomotor function. Approach. The proposed electroencephalography (EEG)-based BCI system allows users to express their binary intentions without needing to open their eyes. A pair of glasses with two light emitting diodes flickering at different frequencies was used to present visual stimuli to participants with their eyes closed, and we classified the recorded EEG patterns in the online experiments conducted with five healthy participants and one patient with severe amyotrophic lateral sclerosis (ALS). Main results. Through offline experiments performed with 11 participants, we confirmed that human SSVEP could be modulated by visual selective attention to a specific light stimulus penetrating through the eyelids. Furthermore, the recorded EEG patterns could be classified with accuracy high enough for use in a practical BCI system. After customizing the parameters of the proposed SSVEP-based BCI paradigm based on the offline analysis results, binary intentions of five healthy participants were classified in real time. The average information transfer rate of our online experiments reached 10.83 bits min −1 . A preliminary online experiment conducted with an ALS patient showed a classification accuracy of 80%. Significance. The results of our offline and online experiments demonstrated the feasibility of our proposed SSVEP-based BCI paradigm. It is expected that our 'eyes-closed' SSVEP-based BCI system can be potentially used for communication of disabled individuals with impaired oculomotor function.
Introduction
Many patients suffering from severe neuromuscular diseases such as amyotrophic lateral sclerosis (ALS), brainstem stroke, multiple sclerosis and spinal cord injury have difficulty controlling their external environments or communicating with other people. Brain-computer interfaces (BCIs) are nonmuscular communication methods that help such individuals interact with the outside world using brain activity (Wolpaw et al 2002) . To date, a variety of electroencephalography (EEG)-based BCI paradigms have been studied with the aim of improving their quality of life. In particular, modulations of EEG rhythms elicited by either specific mental imagery or external audiovisual stimuli are useful features for the EEG-based BCIs, e.g., sensorimotor rhythms (Pfurtscheller et al 1998 , Vidaurre et al 2006 , steady-state visual evoked potential (SSVEP) (Calhoun and McMillan 1996 , Middendorf et al 2000 , Gao et al 2003 , Müller-Putz and Pfurtscheller 2008 , Cecotti 2010 , Faller et al 2010 , Volosyak 2011 , Hwang et al 2012 , steady-state somatosensory evoked potential (SSSEP) (Müller-Putz et al 2006) , auditory steadystate response (ASSR) (Kim et al 2011) and others.
One of the most widely studied EEG potentials is the SSVEP, which is a periodic neural response elicited by a certain visual stimulus flickering or reversing at a specific frequency. Since BCI systems based on SSVEP can provide a high information transfer rate (ITR) and do not require extensive training procedures, a variety of SSVEP-based BCI systems have been developed and practically applied to such activities as controlling an electric apparatus (Gao et al 2003) , playing a 3D game , operating an electrical prosthesis (Müller-Putz and Pfurtscheller 2008) , controlling an avatar in a virtual reality environment (Faller et al 2010) , and mentally spelling words (Cecotti 2010 , Volosyak 2011 Hwang et al 2012 . In typical dependent-type SSVEP-BCI systems, multiple visual stimuli flickering at different frequencies are presented to the users simultaneously. When the users concentrate their attention on one of the stimuli by changing their gaze direction, the stimulus evokes an increased SSVEP response at the corresponding frequency over the occipital area of the brain. The target visual stimulus can then be identified by inspecting variations in the SSVEP responses.
The conventional SSVEP-based BCI systems described above commonly require the basic assumption that the users have normal oculomotor function and are thus able to maintain an open gaze at a given visual stimulus consistently. In practice, however, it has been reported that some patients suffering from serious neuromuscular disorders have difficulty controlling their eyes (Okuda et al 1992 , Averbuch-Heller et al 1998 , Donaghy et al 2011 . In particular, many ALS patients have oculomotor impairments (Balaratnam et al 2010 , Sharma et al 2011 causing abnormal visual perception (Birbaumer et al 1999) . According to studies by Okuda et al (1992) and Averbuch-Heller et al (1998) , some ALS patients have abnormal eye movements with prominent gaze impairments. A study by Averbuch-Heller et al (1998) , for instance, described an ALS patient with normal corrected visual acuity who could move his eyes horizontally but had difficulty opening his eyes and moving them upward. Additionally, some ALS patients presented with bilateral fluctuating ptosis and eyelid paresis in a case report by Pinto and de Carvalho (2008) . These patients would not be able to open their eyes continuously to gaze at one of the target visual stimuli. Other patients that may not be able to fully utilize this technology are those with low blink rates, as they generally tire more easily while gazing at the flickering stimuli than those with high blink rates. Auditory BCI systems can help such patients express their intentions, but current auditory BCI paradigms generally cannot achieve ITR and classification accuracy high enough for practical applications (Kim et al 2012 , Schreuder et al 2010 , 2011 . The main goal of the present study was to develop a new SSVEPbased BCI system that can be potentially used for classifying binary intentions of individuals who have impaired oculomotor function and thus cannot easily use the conventional SSVEPbased BCI systems.
In this paper, we propose a new SSVEP paradigm that can be applied to users with their eyes closed. In order to present visual stimuli to the 'eyes-closed' users, we implemented a visual stimulation system using a pair of glasses, light emitting diodes (LEDs) attached to the glasses, and an LED controller. EEG signals were measured while the participants were selectively concentrating on either the left or right LED flickering at different frequencies with their eyes closed. Our system is similar to photic stimulation devices that have been used in the many clinical neuroscience and neurotherapy studies (Collura 2002 , Erla et al 2011 , Strigaro et al 2012 . However, contrary to the conventional photic stimulation devices that use an identical flickering frequency to both eyes, our system uses two LED channels flickering at different frequencies simultaneously. The eye-closed users wearing our visual stimulation system can selectively concentrate on either LED channel to express their intentions. Preliminary offline experiments were conducted with 11 healthy participants to confirm that distinct SSVEP responses could be recorded from the 'eyes-closed' participants. After customizing parameters based on the results of preliminary offline experiments, the binary intentions of five healthy participants and one patient with severe ALS were classified in real time.
Materials and methods

Participants and experimental conditions
A total of 11 healthy participants (nine males and two females with ages ranging from 24 to 29 years) were recruited for the present study. All of the participants participated in offline experiments (denoted as participants P1-P11), and five of them also took part in online experiments (all males, 24-27 years old, denoted as P7-P11). None of the participants had previous history of neurological, psychiatric, or other severe diseases that might otherwise affect the experimental results. Details of the experimental procedures were explained to each participant, and all participants provided signed written consent before the experiments. The participants received monetary reimbursement for their participation in the experiments. This study protocol was approved and reviewed by the Institutional Review Board (IRB) of Hanyang University, Korea. All experiments were conducted in the Computational Neuroengineering Laboratory of Hanyang University.
Additional online experiment was conducted with a patient (male, 41 years old) who was diagnosed with ALS since the age of 30. He has been bed-ridden with mechanical ventilation through tracheostomy for five years. He was alert and had a sound cognition. All his muscles were nil to move and severely atrophic. He had been able to move eye muscles a few months before the experiment, but he could hardly move his eyeballs at all when the additional online experiment was conducted. However, he can move his eyelids very slightly, which made him communicate with his family. Details of the experimental procedures were explained to the patient and the patient's family, and informed consent was obtained before the experiments. This study protocol was approved and reviewed by the Institutional Review Board (IRB) of Korea University Anam Hospital, Korea.
In order to acquire EEG data, eight Ag/AgCl electrodes (POz, PO1, PO2, PO3, PO4, Oz, O1 and O2) were attached to the participants' scalps according to the international 10-10 system. During the experiments, each participant sat in a comfortable chair and was asked not to move his or her body. While the participants were concentrating on either the left-or right-sided stimulus, EEG signals were recorded using a multi-channel EEG acquisition system (WEEG-32, Laxtha Inc., Daejeon, Korea) in a soundproof, dimly lit room. The ground and reference electrodes were located behind the left and right ears, respectively. An anti-aliasing bandpass filter with cutoff frequencies of 0.7 and 43 Hz was applied before the sampling. The sampling rate was set at 512 Hz throughout the experiments. For the additional online experiment conducted with a patient with ALS, the same experimental set-up was applied except that three electrodes (Oz, O1 and O2) were used without a channel selection process to simplify the experimental procedure.
Design of a visual stimulation system
In order to present flickering visual stimuli to eyes-closed participants, we implemented a new visual stimulation system using a pair of glasses, LEDs and an LED controller. We first made two LED channels composed of four square, multi-chip, high-flux LEDs (part number DG-82A83C-001-5/S-3) with a luminous intensity of 6000 mcd (operating current: 20 mA; viewing angle: 2θ = 60
• ; peak wavelength: 0.26/0.28 nm; emitting color: white; lens color: water). Then, each LED channel was attached to the inside of each lens of eyeglasses utilizing Velcro fasteners as shown in figure 1(a). As shown in figure 1(b), each LED channel attached at the lateral side of each eye flickered at different frequency. The locations of the LED channels could be readily adjusted depending on each participant's eye position. To control the LED channels, an LED controller was fabricated using a TMS320F2812 chip (Texas Instruments Inc., USA). The flickering frequency of each LED channel could be easily adjusted using in-house software developed by the authors.
Selection of optimal flickering frequencies
A frequency band of 7-17 Hz was empirically selected as the stimulation frequency band. The frequency band was then divided uniformly into increments of 1 Hz, leading to 11 candidate stimulation frequencies. Since the stimulation frequencies modulating the strongest SSVEP responses differ from one individual to another, different combinations of two stimulation frequencies were determined for each participant. In order to determine an optimal pair of flickering frequencies, we randomly presented flickering visual stimuli to all 11 participants for 10 s. Two frequencies showing the strongest SSVEP responses in the power spectrum obtained using fast Fourier transform (FFT) were selected. Table 1 shows the selected optimal pair of flickering frequencies for each participant. In the case of a patient with ALS, two stimulation frequencies were set to 6 Hz (for the left stimulus) and 7 Hz (for the right stimulus) without the above selection processes.
Experimental procedures
Offline experiments were conducted to verify whether the SSVEP responses modulated by selective attention to a specific flickering light stimulus penetrating through the eyelids could be classified with accuracy high enough to be used in practical BCI systems. Six participants (P1-P6) first took part in our preliminary offline experiments, and they were required to focus on either the left or right LED for 10 s with their eyes closed. The experimenter verbally presented instructions in a random order to indicate the direction of participants' concentration ('left' or 'right'). This procedure was repeated 100 times to obtain 50 epochs of SSVEP responses for each of the 'left' and 'right' trials. Five participants (P7-P11) were additionally recruited for online experiments aiming to verify whether the proposed paradigm could be used for a practical BCI system. In order to determine optimal experimental parameters such as recording electrodes, feature type (fundamental frequency, harmonic frequency and a combination of both frequencies), and two optimal stimulation frequencies, the same offline experiments were performed on the newly recruited participants before the main online experiments. For the online experiments, two electrodes showing the highest classification accuracies were selected for each participant based on the offline analysis results (see table 2 for the selected electrodes). Contrary to the offline experiments, all instructions were presented to the 'eyes-closed' participants using computerized voices. Figure 2 shows the online experimental paradigm. At the beginning of each trial, instructions were presented through the speakers in front of the participant, indicating which visual stimulus the participant should focus on ('left' or 'right'). Two seconds later, a pure tone was presented to the participants to indicate that they should begin concentrating on the designated visual stimulus for a certain period. We tested four time periods (2, 3, 4 and 5 s) to investigate changes in the performance of our BCI paradigm. While the participants were focusing on either visual stimulus, EEG signals were recorded and analyzed in real time. The classification results were provided to the Figure 2 . A schematic diagram of the experimental paradigm used for online experiments. All instructions were presented to the eyes-closed participants using computerized voices. Each trial started at time 0. After 3 s, instructions indicating where to focus attention ('left' or 'right') were given, and the participants started concentrating on the visual stimulus after the 'beep' at 5 s. While the participants were focusing on the visual stimulus, recorded EEG signals were analyzed and classified, and the results of classification were provided to the participants ('correct' or 'wrong') through speakers. We tested four different time periods for data acquisition (2, 3, 4 and 5 s). participants ('correct' or 'wrong') via the speakers right after the recording period (please see the first supplementary movie data available at stacks.iop.org/JNE/10/026021/mmedia. for a demonstration of the experimental environments). An experimental session consisting of ten trials (five for left stimulus and five for right stimulus) was repeated three times for each of four different time periods. Figure 3 shows a snap shot of the online experiment taken while a participant (P7) was trying to concentrate on the right stimulus (visual feedback was shown only to the experimenter).
In the additional experiment conducted with a patient with ALS, we asked ten different questions, e.g., 'Is it winter now?' (see table 3 for the complete list of the questions), and the patient answered 'yes' or 'no' by selectively attending to right or left visual stimulus, respectively. The time period given to the patient for answering to one question was set to 6 s.
EEG data analysis
In the offline analyses, we tested three types of feature vectors: spectral powers at stimulation frequencies, denoted as H1; those at the second harmonic frequencies (2 × stimulation frequencies), denoted as H2; and the arithmetic sum of H1 and H2, denoted as H1+H2. To select two optimal electrodes and an optimal feature type for online experiments, the classification accuracies were evaluated for each electrode and each feature type. Ten different analysis window sizes (1-10 s with a step of 1 s) were tested to evaluate the influence of analysis time periods on the classification accuracy. We used a simple classification algorithm that searches for the frequency with the largest SSVEP amplitudes (H1, H2, or H1+H2).
In the online experiments, we used the same classification strategy as in the offline experiments. In the experiment conducted with a patient with ALS, no offline experiment was performed to reduce the overall time for the experiment, and the H1+H2 feature was used for the classification without any optimization process. To assess the performance of our paradigm, we evaluated the classification accuracy and ITR, which have been widely used in BCI studies to quantify the performance of a BCI system (Cecotti 2010 , Volosyak 2011 , Hwang et al 2012 . Figure 4 shows an example of the EEG power spectral density plot at Oz obtained while a participant (P2) was focusing on either the left-or right-sided visual stimulus for 10 s. As seen in the figure, distinct SSVEP responses were detected not only at stimulation frequencies but also at harmonic frequencies. This pattern was observed in all participants in the offline experiments (Müller-Putz et al 2005) . Table 1 shows the classification accuracies with respect to different feature types and electrodes when the analysis window size was set to 10 s. Figure 5 is the topographical representation of table 1. The best classification accuracies of each feature type are printed in bold. Even though only a single selected electrode used, average classification accuracies of 87.9%, 92.5% and 93.5% were obtained for feature types H1, H2 and H1+H2, respectively. These results were consistent with previous studies that reported that the inclusion of harmonic frequency components could improve the overall average classification accuracy (Müller-Putz et al 2005 , Hwang et al 2012 . Figure 6 shows the changes in classification accuracy for each participant with respect to different analysis window sizes when the optimal feature type and optimal pairs of electrodes were selected based on the results in table 1. We observed that classification accuracies were nearly monotonically increased in all participants with respect to the increment of analysis window sizes. The average classification accuracy was 74.8% when the analysis window size was 1 s, and it exceeded 90% when the analysis window size was longer than 4 s, demonstrating that the SSVEP responses obtained from individuals with their eyes closed can be classified with high accuracy. Table 2 shows the results of online experiments with respect to different time periods. The time listed in the second row in the table is that allotted for gazing at each designated stimulus. As shown in the table, the average classification accuracy increased as the time period increased (2 s: 81.3%, 3 s: 90.0%, 4 s: 95.3% and 5 s: 96.0%). It is worthwhile to note that the average classification accuracy was 81.3% even when the time period was only 2 s, demonstrating that our paradigm could be used for a BCI system requiring quick responses. The highest 6 average ITR was obtained when the given time period was 4 s, suggesting that the trade-off between classification accuracy and ITR should be carefully considered.
Results
Offline analysis results
Online experimental results
Our system was then applied to a patient with severe ALS who had difficulty controlling his eyeballs and eyelids. Table 3 shows the results of the experiment. He correctly answered 8 out of 10 questions (80% accuracy), and the ITR was 2.78 bits min −1 . Considering that we did not optimize any parameters (electrodes, frequencies and features), the experimental results seem to be good enough to demonstrate that the proposed SSVEP-based BCI paradigm for 'eyes-closed' individuals can be used for a practical BCI system (see the second supplementary movie data available at stacks.iop.org/JNE/10/026021/mmedia. taken during the experiment).
Discussion
Some patients suffering from severe neuromuscular diseases have difficulty controlling not only their bodies but also their eyes (Okuda et al 1992 , Averbuch-Heller et al 1998 , Donaghy et al 2011 . Since these patients have difficulty gazing at specific visual stimuli or keeping their eyes open for a long time, they are unable to use the typical SSVEPbased BCI systems. In the present study, we introduced a new SSVEP-based BCI paradigm, which can be used for disabled individuals with impaired oculomotor function. In order to provide visual stimulation to these 'eyes-closed' individuals, we implemented a visual stimulation system with two LEDs flickering at different frequencies in a pair of glasses. The results of our offline and online experiments demonstrated the feasibility of our proposed SSVEP paradigm.
According to previous studies, patients with ALS exhibit a wide range of oculomotor impairments depending on disease progression (Donaghy et al 2011) . Such patients necessitate the development of patient-specific BCI systems. The conventional SSVEP-based BCI systems with multiple visual stimuli, such as mental spellers (Hwang et al 2012) , guarantee high ITR (e.g., average ITR of 40.72 bits min −1 in Hwang et al 2012) but can only be applied to patients with normal visual function. For those who can open their eyes but cannot move them, independent SSVEP-based BCI systems can be applied (Allison et al 2008 , Zhang et al 2010 . Our paradigm would provide an alternative method of communication for patients who have difficulty opening or blinking their eyes. In addition, even for those who can open but have difficulty freely moving their eyes, our paradigm may be a better choice for communication because the ITR is higher than those of independent SSVEP paradigms developed for binary communication purposes. For example, the average ITR of our paradigm was 10.83 bits min −1 (for healthy participants, after optimization of parameters), which was relatively higher compared to 4.18 bits min −1 in Allison et al (2008) , 3.57 bits min −1 in Kelly et al (2005) , and 2.29 bits min −1 in Zhang et al (2010) .
For patients with poor oculomotor function, some BCI paradigms using other senses can be applied (Müller-Putz et al 2006 , Kim et al 2011 . In a study by Müller-Putz et al (2006) , piezoelectric transducers were used to apply different vibratory stimuli on both index fingers of participants while they focused on the target stimulus for about 6 s to modulate steady-state somatosensory evoked potential (SSSEP). The reported online classification accuracy was between 53.5% and 88.1%. In our previous study (Kim et al 2011) , we provided participants with auditory stimuli of two different beat frequencies in both ears simultaneously (37 Hz beat frequency with 2.5 kHz tone for the left ear and 43 Hz beat frequency with 1 kHz tone for the right ear) while they were selectively attending to either auditory stimulus for 10 s to modulate steady-state auditory evoked potential (SSAEP). The reported online classification accuracy was 71.4%. Both studies offer hope to patients who are in a completely locked-in state (CLIS), but they also have limitations. The ITRs of the two studies (for healthy participants) were relatively low with maximum values of 3.45 bits min −1 and 0.819 bits min
, respectively. In the present study, we did not consider patients in CLIS who cannot move their eyes at all. To replace the SSSEP-or SSAEP-based BCI paradigms, our SSVEP-based paradigm must be modified for eyes-closed individuals who cannot move their eyes at all. Thus, in future work, we will develop an 'independent' eyes-closed SSVEP paradigm. On the other hand, the online BCI system implemented in our study was a synchronous BCI system that produced one output within every pre-defined time period. In order to materialize an asynchronous BCI system, the idle state should also be considered. The use of a threshold value would be one of the promising methods for adding the idle state to our BCI system (Bakardjian et al 2010 , Cheng et al 2002 , Panicker et al 2011 , Volosyak 2011 . We may identify the time when the SSVEP responses exceed a pre-defined threshold value, at which time we can make the system operate. To improve the practicality of our BCI system, we are planning to develop an asynchronous BCI system in our future study. In order to apply our paradigm to patients who have difficulty opening or blinking their eyes, an important issue needs to be considered carefully. Since the target patients generally keep their eyes closed, bright light might damage their eyes. Therefore, the light intensity of the visual stimulation system needs to be adjusted before applying our system to such patients.
In this study, we used a conventional frequency detection method based on FFT to identify the user's intentions (Cheng et al 2002 , Panicker et al 2011 , Hwang et al 2012 . In 2006, Lin et al proposed a new target detection algorithm based on canonical correlation analysis (CCA) (Lin et al 2006) .
More recently, Pan et al suggested an advanced CCA method by additionally using phase information, which was named phase-constrained CCA (p-CCA) (Pan et al 2011) . It has been proven that the novel target identification methods based on CCA could increase the overall performance of SSVEP-based BCI systems. In order to use these CCA methods, a relatively larger number of electrodes are need, generally more than at least eight according to previous studies (Lin et al 2006 , Pan et al 2011 , Bin et al 2009 . Since we used only two electrodes in our online experiments, CCA methods were not adopted. Nevertheless, we are considering the application of CCA methods in our future studies to enhance the overall performance of our system.
